Introduction
In recent years a growing interest in the measurement and analysis of social exclusion has emerged, to complement the static and dynamic literature on income poverty. The deep economic and social transformations in Western countries, as well as decades of theoretical and empirical research, have contributed to a wider appreciation that human deprivations cannot only be related to a lack of financial resources. The increase in job precariousness and in labour market segmentation, the intensification of migration flows, the weakening of family ties and growing individualism, a rising violation of human rights and a decline in social and political participation, all show the inadequacy of the standard measures of poverty to describe the new reality and call for different and broader concepts of deprivation, encompassing economic dimensions but also social and political aspects of the individuals' life.
Social exclusion has been defined as a process that, fully or partially, excludes individuals or groups from social, economic and cultural networks and has been linked to the idea of citizenship (Lee-Murie, 1999) . Atkinson (1998) suggested three key elements in order to identify socially excluded individuals:
relativity, agency and dynamics. Social exclusion involves the 'exclusion' of people from a particular society, so to judge if a person is excluded or not, we have to observe the person relative to the context of the rest of the society s/he lives in. Moreover, exclusion implies a voluntary act (agency) and depends on how situations and circumstances develop (dynamic process). Another essential characteristic of social exclusion is its multidimensional nature. In fact, the European Commission (1992 and 1993) suggests that ''The concept of social exclusion is a dynamic one, referring both to processes and consequent situations... it also states out the multidimensional nature of the mechanisms whereby individuals and groups are excluded from taking part in social exchanges, from the component practices and rights of social integration and identity... it even goes beyond participation in working life: it is felt and shown in the fields of housing, education, health and access to services". The identification of the relevant aspects of social exclusion is still being debated, even if we have recently observed considerable advances in its measurement (Bossert et al., 2005; D'ambrosio and Chakravarty, 2006) , in the empirical identification of the socially excluded (Whelan et al., 2002; Tsakloglou and Papadopoulos, 2002a and 2002b) , or in the study of the dynamics of social exclusion (Poggi, 2007a and 2007b; Poggi and Ramos 2007) . In most, if not all, theoretical discourses on the subject, social exclusion and poverty are seen as different processes, leading to different states, with different implications and arising from a non-complete overlapping set of factors (e.g., Burchardt, 2000) . The distinction is made with even greater emphasis if poverty is simply defined in terms of income insufficiency. For example, Atkinson (1998) points out that the process leading to exclusion from the labour market (exclusion from a desirable status: active participation in the society) may arise, under certain circumstances, from the operation of a social security system which induces people to reject labour market participation. However, exclusion from the labour market does not necessarily imply poverty, for example when the system provides generous social security benefits or if those out of employment can resort to their family's resources to maintain their standard of living. For another example, immigrants may be excluded from vote and local/neighbour organizations but they could have an income above the poverty line; conversely, they may have low incomes but be well integrated in their local communities and have developed a series of 'coping strategies' and informal networks aimed at maintaining an acceptable standard of living and participation status, despite their low income.
At the same time, while distinct, it is generally held that the two processes are characterized by an interrelated dynamics. Unfortunately, our empirical understanding (and empirical literature) on the way these two processes dynamically interact at the individual level is very limited. The aim of this paper is to contribute in filling this gap. In order to do so, we construct indicators for both poverty and social exclusion at the individual level and examine the dynamics of both, separately and jointly. We do not propose any new approach to the measurement of income poverty or social exclusion. We define poverty in terms of low income and look at the individual's longitudinal experiences of poverty, closely following the definitions adopted in a large body of the literature (e.g., Addabbo, 2000; Jenkins, 2000; Biewen, 2006; Cantò-Sanchez, 2002; Devicienti, 2002) . The literature on social exclusion is comparatively smaller and there is even less consensus on how the concept is to be operationalized in an empirical analysis. In this paper we define social exclusion following the recent work of Poggi (2007a) . While some of our definitional choices may not command universal support, referring to existing approaches has the advantage that we can focus on our main objective in this paper: shedding some light on the way the past history of the two processes affect each other at the individual level and in a dynamic context. While a few papers have separately studied the dynamics of low income (e.g., Cappellari and Jenkins, 2004) and social exclusion (Poggi, 2007a) , and some In order to do so, we use a dynamic bivariate probit model, incorporating unobserved heterogeneity and initial conditions, similar to the model of Alessie et al. (2004) . Instead of their treatment of the initial conditions, however, we propose to extend the approach of Wooldridge (2005) to our bivariate case. Not only is the resulting estimator simpler to implement -which implies non-negligible savings in computing time in large datasets like our own; our approach does also more readily extend to higher order dynamics.
Our empirical analysis focuses on Italy, using data from waves 1-8 of the European Community Household Survey (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) . Unlike other OECD countries, this is a country whose dynamics of both poverty and social exclusion has been to date little explored. Additionally, it constitutes an interesting case study. For, while its economy ranks among the largest in Europe, it is plagued by a long-standing territorial dualism, one of the lowest labour market participation among OECD countries and high segmentation of the labour force (above all, women, the young and the old). On the other, it features an overly generous, albeit largely inefficient, social security system (Ferrera, 2005 ) and a solid family-based social fabric. In these circumstances one would not expect that income poverty and social exclusion are simply "two sides of the same coin".
Our findings lend support to the view that poverty and social exclusion are rather distinct processes. In fact, the degree of dynamic overlap between the two is found to be weaker than generally assumed. This is in line with the findings of Whelan et al. (2004) who conclude that income and what they call "life-style deprivation" are tapping rather different dimensions of deprivation. The results of our econometric model show the existence of sizable 'true' state dependence in both poverty and social exclusion, after controlling for unobserved heterogeneity. Both processes are shaped by a rather persistent dynamics; in fact a second order dynamics was found to provide a better fit of the data. Moreover, the dynamics of poverty and social exclusion are found to be interrelated, with positive spillover effects that make the two processes mutually reinforcing. We argue that social policies aimed at eradicating poverty and avoiding individuals' social and economic marginalization should take these dynamic cross-effects effects explicitly into account. The rest of the paper is structured as follows. Section 2 provides details of the data used, sample selection and the way the poverty and social exclusion indicators are constructed. Section 3 shows preliminary empirical evidence on the dynamics of poverty and social exclusion in Italy during the nineties.
Section 4 illustrates our econometric methodology, whose results are presented in section 5. Section 6 contains our concluding remarks.
Data and indicators

Data and sample selection
To study the longitudinal experiences of poverty and social exclusion in Italy, we use the European However, a significant disadvantage is the omission of the homeless population that would be expected to be socially excluded. To minimize sample selection and attrition problems our statistical analysis uses crosssectional or the longitudinal weights available in the ECHP, as appropriate. However, as discussed in section 4, we do not use weights in any of our econometric models, which would otherwise result in a loss of efficiency.
Our analysis focuses on the adult population, excluding both children (individual aged 16 or less) and the elderly (aged 60 or more). In the case of children the restriction comes directly from the data: individuals in the ECHP are interviewed only when they reach age 16, making unavailable some of the indicators that we use below for the definition of social exclusion. The omission of the elderly rest on a more theoretical argument, as we believe that a different definition of social exclusion is likely to be relevant for this age group compared to the adult population. For example, the fact that individuals are "not able to work due to own illness, injury and incapacitation" -one of the indicator that we use below for identifying the adults at (Table 1) -is not an issue if the individuals do not belong to the active population. In the rest of the paper, therefore, all the analyses refer to the sample of individuals aged 16-60.
1
Indicators of poverty and social exclusion
An individual is defined as poor if his/her household equivalent income is less than a chosen poverty line. The latter is defined as 60% of contemporaneous median income. Note that, even if this may be seen as arbitrary, its use has become common practice in Europe and, therefore, it allows comparisons with other studies on poverty dynamics.
2 The income variable considered is 'equivalent household income', obtained after adding up income from all sources from any household member, and then dividing the result by the number of equivalent adults (using the OCED-modified equivalence scale). The unit of the analysis is the individual. Assuming an equal sharing of an household's resources, each person within the household is attributed the same value of the equivalent household income. These choices are not uncontroversial but are made in a large body of the empirical literature studying the dynamics of low-income (for a review, see Jenkins, 2000) .
As we said, social exclusion may be defined as a process that fully or partially excludes individuals or groups from social, economic and cultural networks in the society they live in (Lee and Murie, 1999) . Social exclusion can also been seen as a part of Sen's capability approach, and it can be defined as a process leading to a state of functioning deprivations (Sen, 2000) . Therefore, the "process" of social exclusion produces a "state" of exclusion that can be interpreted as a combination of some relevant deprivations. 3 In particular, in order to operazionalize the concept, we use the working definition proposed by Poggi (2007a) : "An individual is defined as socially excluded in a specific point in time if he/she is deprived of two or more relevant functionings". This definition refers to the "state" of social exclusion, and it implies that when one deprivation is added to others already in existence the individual is involved in the process called social 1 We chose the age 60 threshold, rather than 64 as commonly in LFS, in light of the low average age of retirement, at about 58 during the nineties, one of the lowest in Europe. Results were only marginally affected by the use of the higher threshold. 2 We tested the robustness of the thresholds chosen re-performing the analysis using alternative definitions of the cut-off points: 40% and 60% of the median distribution. Our main results concerning poverty dynamics, and its relation to social exclusion, were essentially unaffected by the alternative cut-off points. 3 A number of papers have analyzed poverty from a multidimensional perspective and have identified individual deprivation in terms of enforced lack of various durable goods and essential services (e.g., Borooah 2007; D'ambrosio et a., 2008; Pérez-Mayo, 2005) . Note that deprivation so defined is part of the broader notion of social exclusion we focus in this paper. Following the guidance offered by the recent literature (Brandolini and D'Alessio, 1998; Poggi, 2007a) , and taking into account the actual information available in the ECHP, we select six relevant dimensions to capture all the principal aspects of social exclusion (see Table 1 ). The selected dimensions are "basic needs fulfilment", "reaching a certain quality of life", "having an adequate house", "being healthy and able to work", "living in a safe and clean environment" and "the ability to have social relationships". The first three dimensions describe the economic features of social exclusion, and the remaining dimensions emphasize the social dimension of exclusion. In addition, the sixth dimension gives also some information about the political dimension of social exclusion. Each of these dimensions represents a functioning considered as important in its own right, even if we do not deny that there are interactions between dimensions. Some of the items selected from the ECHP to correspond to each dimension are household level variables while others are individual level ones (some of them refer to subjective evaluations of the individuals and othersi.e. health items-are unavoidably biased towards particular groups).
As in the case of poverty, social exclusion is measured at the individual level; thus, we are aware that there could be intra-household correlations in the exclusion/poverty status and we take this into account. For each selected item, we assigned to each individual a score ranging from zero to one. A score of one means that the individual can afford the item, has the item or does not have 'the problem' 5 . Instead, a score equal to zero means that the individual is deprived of that item. All the values between zero and one mean an intermediate situation. We aggregate the items corresponding to every functioning by summing up their scores and dividing the result by the number of items. Equal weights are given to all items. 6 Thus, for each functioning, an individual receives a score between zero and one. A score of one means that the functioning has been fully achieved, a score of zero means that the functioning has not been achieved, and intermediate values represent intermediate situations. 4 But, how many are the deprivations necessary to define an individual as socially excluded? According to Sen (2000) we need simultaneous deprivations. The decision about how many deprivations (in our case "at least two") is arbitrary, and partially depends on how many relevant functionings we consider in the analysis. We find that about 8% of the sample suffer at least two deprivations simultaneously over the period of analysis and slightly more than 1% is deprived in at least 3 dimensions. While in the paper we use deprivation in at least 2 functionings as our threshold we provide some robustness analysis in Section 5. We estimate the correlation between different items belonging to the same dimension, and between different dimensions, and we find low degrees of association. Most coefficients are, in absolute value, below 0.25; the correlation between economic dimensions is just slightly stronger. Except for the correlated "basic needs" and "quality of life", the contemporaneous presence of two deprivations is rare, suggesting that the indicators tend to capture complementary aspects. In particularly, social and economic dimensions seem to capture different aspects of social exclusion.
Inclusion or exclusion in each of the six dimensions we selected is clearly a matter of degree. A functioning can be achieved at different levels at a point in time, and any choice about the threshold below which the individual is counted as deprived has some degree of arbitrariness. In the absence of exogenous rules, we fixed the threshold for a functioning at 60% of the median of the functioning distribution.
7 This choice is the same as for income poverty. Every individual whose functioning score in any given year is below the functioning threshold is defined as deprived in that functioning in that year. Therefore, an individual can be deprived in one or more functionings. Moreover, we implicitly assume that anyone who is able to achieve a valuable functioning would do so. Finally, we combined the information about each functioning deprivations in a summary indicator of social exclusion. As in Poggi (2007a), our working definition of social exclusion assumes that deprivation in two functionings is sufficient for social exclusion.
Therefore, an individual is counted as socially excluded at time t if he/she is deprived in at least two dimensions.
3. Poverty and social exclusion in Italy: preliminary empirical evidence Table 2 shows the proportion of the Italian adult population who experience deprivation in any of the selected dimensions, from 1994 to 2001. The incidence of deprivation is particularly high in the following dimensions: "living in a safe and clean environment" and "ability to have social relationships". Therefore, the importance of the non-income dimensions immediately emerges. The table also reports the proportion of the population who experience social exclusion, poverty, and both, according to our definitions. On average over the period 1994-2001, we find that about 8% of the sample is socially excluded and about 20% is poor.
7 Note that we tested the robustness of the thresholds chosen re-performing the analysis using alternative definitions of the cut-points: 40% and 60% of the median distribution and 40%, 50% and 60% of the mean distribution. Comparisons of the results suggest that the higher the cut-points, the higher social exclusion. However, the results about the dynamics of social exclusion are statistically equivalent for all considered cut-points. Interestingly, only 3.5% of the sample is both poor and socially excluded. Of those who are poor in any given year, only about 16% are found in social exclusion in the same year (but the percentage is only 6%
for those who are not poor). Conversely, for those who are socially excluded in a given year, about 41% also have their income below the poverty line (compared to only 18% for those who are not socially excluded).
These findings are in line with those of the previous literature (e.g., Perry, 2002; Whelan et al., 2004 ) that, using a number of statistical and visual inspection techniques, point out the lack of overlap in the proportion of individuals defined as poor and deprived / socially excluded at a given point in time, for many different countries. Accordingly, we are tempted to conclude against the view that poverty and social exclusion are simply alternative ways of measuring the same, underlying, state of deprivation.
Another way to investigate if poverty and social exclusion are simply alternative ways of measuring the same underlying concept is by using a non-linear Wald proportionality test on the coefficients of two probit models, one for poverty, the other for social exclusion. Put simply, the idea is that, if poverty and where the same K covariates are used in both equations. The test is carried out as a non linear Wald test. We run the two (static) probit models using various specifications including a broad set of controls (sex, age, education, cohabitation status, number of household dependent members, number of household working members, area of residence and year dummies). In all cases we were able to reject the null hypothesis at the , which strengthen our confidence against the "two sides of the same coin" hypothesis and in favour of the view that poverty and social exclusion are better interpreted as distinct, albeit related, processes.
All previous results refer to the cross-sectional incidence of poverty and social exclusion. To assess an individual's longitudinal experience of deprivation and, in particular, how the current state is related to past occurrences of poverty and social exclusion we now turn to the panel dimension of the data. Table 3 reports the proportion of the sample that experiences social exclusion / poverty for a certain number of years.
As typically found in the literature, the fraction of the sample who is in deprivation in at least one year within the time period under investigation is much higher than the cross-sectional deprivation rate. In fact, about 48% is touched by income poverty in at lest one year, and 33% in the case of social exclusion (against a cross-sectional rate of 20% and 8%, respectively). Less than 1% of the sample experience social exclusion over the entire period of study, but about 4% of the sample is persistently poor in all eight waves. In other words, the deprivation states are characterized by a fair amount of turnover, so that it is not always the same individuals who are found below the deprivation thresholds. Devicienti and Gualtieri, 2006, provide compelling evidence of this phenomenon with respect of various definitions of poverty.
Nonetheless, people who have already suffered some form of deprivation in the past appear to be more likely of suffering further deprivation in the future. As shown in Table 4 , the conditional probability of being poor in year t given that the individual was not poor in t-1 is 8%, but it dramatically increases to 65%
for those who were poor in t-1. Similarly, the probability of being socially excluded in t is 3.5% for those who were not excluded in t-1, but is 42% for those who were already classified as socially excluded. The table also shows that lagged poverty (social exclusion) is positively associated to social exclusion (poverty) in the current year, hinting at the possibility that dynamic spillover effects exist between the two processes.
In fact, the probability of being currently poor is 3% among those who were not socially excluded in the previous year, and rises at 45% for those who were. Similarly, the probability of being socially excluded in t is equal to 4% for those whose income in t-1 was above the poverty line, and 14% for those classified as income poor in t-1. How can we explain the correlation that we observe in the data between an individual's 8 Note that the non-linear Wald test is not invariant with respect to representation. In fact, an alternative representation of the null hypothesis is as follow: Alternatively, an individual's past experience in one form of deprivation may have a causal effect on current deprivation of the same type, or also of the other type. Our understanding of the causes leading to deprivation persistence at the individual level is likely to be enhanced if we were able to disentangle between these alternative explanations. This is the aim of the econometric model introduced in the next section.
An econometric model for the interrelated dynamics of poverty and social exclusion
To study the interrelated dynamics of poverty and social exclusion, in this section we introduce a dynamic random-effect bivariate probit model for the joint probability of experiencing the two states. The model allows for correlated unobserved heterogeneity and accounts for the initial conditions of the two processes. The presentation of the model follows that of Alessie et al. (2004) for the most part 9 ; however, our treatment of the initial conditions is different and, we argue, more convenient for our purposes, as will be explained below.
For an individual i, the risk of being in poverty at time t is expressed in terms of a latent variable * 1it y , as specified as in equation (1), while the risk of being socially excluded in t is expressed by the latent variable * 2it y , specified in equation (2).
The dependent variables are the dummy indicators it y 1 (equal to one if the individual is at risk of poverty in t, and zero otherwise) and x is strictly exogenous).
This dynamic random-effects model is well suited to tackle the issue of "true state dependence", that is to say to establish the causal impact of past poverty on current poverty and of past social exclusion on current social exclusion, once the confounding impact due to unobserved heterogeneity is accounted for. As is well known, both phenomena (unobserved heterogeneity and true state dependence) can explain why, say, being poor in t-1 is correlated with being poor in t; however, the policy implications are different in the two cases. For example, if the persistence of poverty (social exclusion) is, at least partly, due to true state dependence, then it is possible to reduce the risk of experiencing poverty (social exclusion) in the future by pulling the individual out of poverty (social exclusion) at time t. Thus, short-term policies may have longlasting effects because they help breaking the "vicious circle" leading to deprivation. On the contrary, if the persistence of poverty (social exclusion) is merely due to adverse unobserved heterogeneity, any such policy intervention is bound to be ineffective in the long run and can have, at best, only temporary effects. To disentangle between unobserved heterogeneity and true state dependence, the lagged dependent variable,
, is included in the poverty equation (1) (2). The dynamics of the model is here assumed to be first-order for simplicity; however, later in the paper, we will also allow for second order dynamics.
Reflecting our interest in uncovering the presence of dynamic spillover effects from poverty to social exclusion, and from social exclusion to poverty, the model also includes cross-effect lagged variables: lagged social exclusion γ are non-zero). The distinction is crucial for understanding the dynamics of the two forms of deprivation and for the design of policy. For example, if true spillover effects exist, and are positive, policies aimed at pulling individuals out of one type of deprivation may also contribute in breaking the cycle leading to deprivation of the other type.
The model in (1)- (3) (1) and (2) can be estimated separately, obtaining consistent estimates of the remaining parameters. This special case corresponds to the standard univariate random-effect dynamic probit model (see Heckman, 1981a; Stewart, 2005, provides 
Estimating the model: the Alessie et. al (2004) estimator
In dynamic panel data models with unobserved heterogeneity, the treatment of the initial observations is an important theoretical and practical problem, particularly so in short panels. The simplest approach assumes that the pre-sample history, or initial conditions, are exogenous and can be ignored (e.g. Heckman, 1981a ). This restriction is valid only if the process begins at the start of the observed sample period, or if the disturbances that generate the process are serially independent, which is not the case in the presence of unobserved heterogeneity. In fact, if heterogeneity is a determining factor in the initial sample conditions, then this approach will overstate the amount of state dependence in the process. y ; however, data at times 0, -1, -2, … are not available. In the univariate case, Heckman (1981b) 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 (1)- (5) can be carried out by maximum likelihood methods. The likelihood contribution of an individual observed in T waves (t=1,…, T) is of the form:
where g is the joint density of ) , ( 
The likelihood contribution in (6) is the expected value of the likelihood contribution conditional on the random effects ) , ( 2 1 c c . As discussed in details by Alessie et al. (2004) , standard approaches of numerically integrating out the random effects are feasible but difficult in the present 10 Heckman recommends the inclusion of exogenous s instruments in the initial condition equations, whenever available. This is done in a few studies, for example Stewart (2005) 
Then after inserting in model (1)- (2) A first advantage of our Wooldridge-type estimator over the Alessie et al. (2004) estimators is immediately clear. In fact, it can be easily shown that the number of parameters to be estimated is always 13 Note that time-constant variables (e.g., gender) may be included in either (10) or in (1)-(2). It is not possible to separately identify the effect of time-constant variables on unobserved heterogeneity and on the latent variables. A second advantage of our estimator is that it can be easily used for estimating models with a higher order dynamics. In section 5, in fact, we will specify our model with second order dynamics but will still be able to use our estimator. As we have specified a model for ( is not the case, since Wooldridge's method has some advantages in facing selection and attrition problems.
In particular, as explained in Wooldridge (2005; pp.44), it allows selection and attrition to depend on the initial conditions and, therefore, it allows attrition to differ across initial levels of deprivation. In particular, individuals with different initial statuses are allowed to have different missing data probabilities. Thus, we consider selection and attrition without explicitly modelling them as a function of the initial conditions. As a result, the analysis is less complicated and it compensates for the potential loss of information from using a balanced panel. Moreover, in the conditional MLE we can ignore any stratification that is a function of the initial level of deprivation and of the time-constant explanatory variables: thus, using sampling weights would lead to an efficiency loss.
Estimation Results
In this section, we discuss the results of the dynamic models for poverty and social exclusion discussed in the previous section. We start with simple univariate models, i.e. we estimate dynamic randomeffects probit models separately for poverty and social exclusion. These represent special cases of the bivariate model presented in section 4: we can therefore test the restrictions imposed by the univariate Some of the explanatory variables included in the vector x it refer to individual-level characteristics (see Table 5 for descriptive statistics): gender, age (linear), dummies for low and medium education (high education is the reference category), marital status (=1 if living as a couple). Household-level characteristics are also included in x it : the number of economically active members of the household, and the number of dependent household members (children and non-active adults). These variables are allowed to be time
varying. An unrestricted set of year dummies is also included in all specifications to capture the macroeconomic environment. Structural differences in local conditions (e.g., labour markets tightness, differences in regional prices) are summarized by a set of regional dummies, included in all specifications. In both equations, the same explanatory variables are used. While in principle a wider set of influences may be considered, we have maintained our reduced-form specifications relatively parsimonious because (i) we are already controlling for (correlated) unobserved heterogeneity, (ii) the estimation of our model is already computationally demanding. More importantly, the variables included in x it do not constitute the main focus of the analysis: this lies instead in the interrelated dynamics of poverty and social exclusion, which is reflected in the estimates of the lagged indicators for both dependent variables. Indeed, as we show below with reference to the potentially endogenous variables of x it , the inclusion/exclusion of observed heterogeneity controls does not significantly alter the main parameters of interest.
Univariate random-effects dynamics models for poverty and social exclusion
We start by estimating the poverty and the social exclusion equations separately. In this case we are implicitly assuming that (i) the cross-lagged variables effects are equal to zero; and/or (ii) the correlation of the errors and the correlation of random effects across the two equations are equal to zero. We estimate the two equations with both the Heckman and the Wooldridge estimators using the same specification: results are reported in Table 6 for the poverty equation and in Table 7 for the social exclusion equation. The corresponding pooled probit models (without random effects and no initial condition) are also reported in the Tables for comparison. Note that the initial conditions a la Wooldridge imply that the start-of-period status of poverty and social exclusion be included in the model. As shown by (11) and (12), longitudinallyaveraged versions of the time-varying variables contained in x it are also included in these models. The estimates of the variables referring to the initial conditions in each estimator are reported in Table 9 .
As noted in section 4, the Wooldridge estimator requires a balanced panel sample. For comparison, the same balanced sample is used for all other estimators in the paper. We have already pointed out that this restriction is not particularly problematic with the Wooldridge-type estimators. To provide further evidence on the issue, we compared the estimates of pooled univariate probit models of poverty and social exclusion with and without the balanced sample restriction. We repeated the same comparison with pooled bivariate models of the two equations. In each case, we found that the restriction to a balanced sample had only a negligible impact on the coefficients of the own-lags and cross-lags of the dependent variables.
14 According to the results of Table 6 , the Heckman and the Wooldridge estimators deliver very similar estimates of the coefficient of the lagged dependent variable, equal to 0.74 and 0.78, respectively. Both are also highly statistically significant. As remarked by Wooldridge (2005) , the similarity between the two estimators is to be expected. On the other hand, the same coefficient is overestimated in the pooled probit models: the scaled 15 coefficient of lagged poverty is estimated at 0.55 with the Heckman estimator and at 0.64 with the Wooldridge's, compared with the pooled probit estimate of 1.5. This should not be surprising, as the pooled probit model does not control for the process' initial conditions, nor does it allow for unobserved heterogeneity. Similar conclusions can be drawn for the social exclusion equation in Table 7 : the scaled coefficients estimated on lagged social exclusion is 0.40 for the Heckman estimator and 0.57 for the Wooldridge's, compared with an estimate of 1.4 for the pooled probit.
The results of Table 6 and 7 also show that there are positive and statistically significant dynamic spillover effects among the two equations. The coefficient of lagged social exclusion is estimated at 0.28 in the poverty equation if the Heckman estimator is used; the estimate obtained with the Wooldridge estimator is not too different, at 0.22. In the social exclusion equation, lagged poverty has a statistically significant 14 The estimates of these and further robustness checks are available from the authors upon request. 15 Note that the dynamic random effects probit models and the pooled probit model involve different normalizations (see Arulampalam, 1999) and, therefore, the estimated coefficients of the former need to be rescaled to be compared with the estimated coefficients of the latter. In our case the coefficients of the random effects models need to be multiplied by an estimate of ( ) 
To test the latter hypothesis, we now estimate the dynamic bivariate probit model with random effects of section 4. Table 8 reports the estimates of the dynamic bivariate probit model for poverty and social exclusion, which relaxes the assumption of independence in the errors and the random effects of the two equations.
Bivariate dynamic random-effects models for poverty and social exclusion
Columns 5 and 6 show the estimated coefficients and standard errors of the Alessie et al (2004) estimator, with initial conditions a la Heckman, as described by our equations (1)-(5). Columns 3 and 4 report instead the estimated coefficients and standard errors of the dynamic bivariate probit model with random effects and initial condition a la Wooldridge, as summarized by equation (14). For comparison, columns 1 and 2 report the estimated coefficients and standard errors of a pooled dynamic bivariate probit model. We first note that in both the Alessie et al. (2004) model and our Wooldridge-type estimator we are able to reject the hypothesis of independence in the errors and the random effects of the two equations, indicating that the joint estimation of the model equations is necessary. In fact, ρ is statistically significant and equal to 0.05 in both estimators. As for the random effects correlation, α ρ , this too is statistically significant, with an estimated coefficient of 0.27 in the first estimator and 0.32 in the second.
The estimates of the pooled bivariate probit model do not control for individual unobserved heterogeneity and assumes that the initial conditions are exogenous. One would then expect that this estimator overestimate the importance of state dependence, as the coefficient of the lagged dependent variable absorbs part of the effect that is instead due to (uncontrolled) unobserved heterogeneity. A quick glance at Table 8 confirms that this is indeed the case. We also note that the estimates of the lagged dependent variables and of the cross-lagged dependent variables are slightly lower in the bivariate randomeffect models than in the corresponding univariate models. Thus, ignoring the cross-correlations in the error terms seems to slightly overestimate such parameters. this is the estimator that we use in the rest of the paper. Two other specifications are considered in Table 10 .
First, we exclude the potentially endogenous variables in x it and check that the estimates of the key variables of interest, the lagged dependent variables, were not overly affected by their inclusion (Specification 2).
Second, we estimate a model with second order dynamics (Specification 3).
As a simple robustness check, Specification 2 excludes three time-varying variables that may be regarded as potentially endogenous (Biewen, 2007) : the number of working members in the household, marital status and the number of dependent household members. The dynamics is assumed to be first-order.
The results are compared with the ones obtained by Specification 1a, also reported in Table 10 for convenience. Both specifications point out that there is considerable unobserved heterogeneity that cannot be explained by the covariates: the standard deviations of the random effects are statistically significant and are estimated at 0.8 and 0.9 for poverty and social exclusion, respectively. In both specifications, we also observe true state dependence and positive cross-effects of lagged deprivation: in particular, the coefficients of lagged values of poverty and social exclusion are 0.1 and 0.7 in the poverty equation, and 0.6 and 0.09 in the social exclusion equation. Both specifications also highlight a statistically significant positive correlation between initial conditions (p(1) and se(1)) and the unobserved heterogeneity. Since the implication of the two specifications are very similar, we may conclude that the estimates of the key parameters are not affected by the excluded time-varying variables. Therefore, the richer specification 1a is preferred to specification 2. 16 
Second order dynamics
Specification 3 assumes that the dynamics is second-order. The idea is to test the sensitivity of the assumption of first-order dynamics imposed to the previous models: we do this by comparing specifications 1a and specification 3. Indeed, the raw conditional probabilities reported at the bottom of Table 4 show that an individual's current deprivation is related not only to the deprivation s/he experienced in the previous year 16 More generally, our econometric experimentation showed that estimates of true state dependence and the dynamic spillover effects are very much robust to the inclusion/exclusion of other controls in x it . Table 4 ) or is rather signalling that a first-order assumption is not an adequate representation of the dynamics of the processes under scrutiny? To investigate this issue we therefore augment our core random-effect bivariate model with initial conditions a la Wooldridge to include lag 2 of both poverty and social exclusion (Specification 3). As it happens, it turns out that the second order dynamics terms are all positive and statistically significant. Thus, the first-order Markov assumption is unwarranted and specification 3 is our preferred one. We therefore discuss the results of this specification more in depth.
For poverty, the lag-2 coefficient is estimated at 0.55, approximately half the size of the lag-1 coefficient, which is now estimated at 1.03 (higher than the 0.71 estimate reported in specification 1a). Also, the lag-2 cross effect is sizeable, estimated at 0.15 in the poverty equation. For social exclusion, own lag-2 estimate is even higher, at 0.71, and the lag-2 cross-effect is estimated at 0.12.
The standard deviations of the random effects are statistically significant and are estimated at 0.38 and 0.34 for poverty and social exclusion, respectively. Note that these standard deviations are less than half the size of the estimates obtained assuming first order dynamics. Unobserved heterogeneity then still plays a role in explaining the observed persistence in poverty and social exclusion, but it accounts for only a third of the unsystematic variation in the model. Much of the two processes' observed persistence, therefore, seems to be related to a 'true scarring impact', which (i) makes individuals experiencing poverty or social exclusion more likely to experience them again in the future, (ii) has 'long memory, in the sense that the risks are worse for those individuals who have spent more than one year in the state, and (iii) is cross-reinforcing as past (lag 1 and 2) experience of one type of deprivation significantly increases the chances of future deprivation of the other type.
Once the dynamics of the model is allowed to be second order, the correlation between the two random terms is negative but imprecisely estimated, resulting in a statistically insignificant coefficient.
Therefore, we do not have sufficient evidence to suggest that people whose persistent unobserved personal, household and community characteristics make them more vulnerable to poverty tend to be the same people whose unobserved characteristics make them more vulnerable to social exclusion, compared to the rest of the population. It may be noted that the correlation of the (contemporaneous) error terms in the two equations is statistically significant, with a point estimate of 0.11. A positive correlation suggests that the myriad of idiosyncratic shocks that, at any given time period, drive people into poverty and into social exclusion have common elements. This finding implies that the raw correlation found in the data between being in poverty and in social exclusion at any given time is also due to the correlation in the processes' idiosyncratic shocks. Therefore, even after allowing for a rich dynamics and unobserved heterogeneity, the two processes are simultaneously determined, and are more efficiently estimated jointly.
Finally, we briefly discuss the estimates of the controls included in the vector x it . According to the results in specification 3, individuals with low education have a higher risk of being in poverty than those with medium education, and even more so than those with high education. The same is true with respect to social exclusion. Age, entered linearly for simplicity, has a negative and statistically significant effect on income poverty, reflecting the increased command on economic resources as the individual ages. However, the same coefficient is not statistically different from zero in the case of social exclusion. We are unable to detect clear differences on the deprivation risks faced by males and females: the dummy for female is generally found to be statistically insignificant in our models. The number of economically active members in the household decreases the probability of being in poverty and the probabilities of being socially excluded. Conversely, the risk of poverty increases with the number of children and other dependent adults in the household; however, the effect is not statistically different from zero in the case of social exclusion.
Persons living as a couple (married or unmarried) are less likely to be socially excluded, while there is no statistical significant effect in the case of poverty. Reflecting the country's long-standing territorial dualism and the marked differences in the regional unemployment rates, southern regions consistently display higher risks of income poverty than both northern and central regions. However, regional disparities in income poverty do not always translate in similar disparities in social exclusion, as can be seen by comparing the two sets of regional dummies.
More in general, our reading of the results concerning the observed heterogeneity is that, while the effect of many of the controls included in the model goes in the expected direction, poverty and social exclusion are not always explained by the same set of factors, reinforcing the view expressed above that the two processes are genuinely distinct, albeit dynamically interrelated. 
Robustness checks
How robust are our findings about the dynamic interrelationship between income poverty and social exclusion? A major concern is clearly that they are too dependent on our empirical choices regarding the definition of social exclusion. In this case a number of robustness checks are therefore in order. To start with, we checked whether the dynamic interrelationship between income poverty and social exclusion was driven by the particular cut-off point chosen to identify who is socially excluded in any given year (deprivation in at least two functionings). Therefore we have re-estimated our models using (i) deprivation in at least one functioning and (ii) deprivation in at least three functions as alternative cut-off points. The estimates are shown in Table 11 (Model 1 and 2, respectively). The coefficients of own lags and cross-lags were found to be positive and statistically significant for both income poverty and social exclusions, allowing us to conclude that the dynamic relationship between the two forms of disadvantage is not driven by the cut-off point choices. Our second check is related to the dimensions included in the definition of social exclusion, as indicated by Table 1 . To what extent are the results driven by the inclusion/exclusion of some of these components? Our experimentation revealed that in general the omission of one or another of the dimensions listed in the table is mostly inconsequential for the existence of dynamics spillover effects between income poverty and social exclusion (for example, see Table 11 : Models 3 and 4). In fact, we found that the two forms of deprivation are dynamically interrelated even for the most extreme version of "social exclusion" that excludes the three dimensions mostly related to income (namely, "basic needs fulfilment", "to reach a certain quality of life", and "having an adequate house"): own lags were positive and statistically significant; cross-lags too were positive, albeit only weakly significant (at the 10% level).
Overall, while we see the definition of social exclusion that we have used in this paper as a reasonable compromise between the theoretical underpinnings of the concept and the data practically available for its implementation, the results of these robustness checks increased our confidence in the validity of the main messages of the paper. At the same time, it is perhaps fair to conclude by saying that, until a more widely accepted way of measuring social exclusion becomes available in the empirical literature, our results should be taken as suggestive only of the existence of significant spillover effects between income poverty and social exclusion. With this caveat in mind we move on to show the model's predicted probabilities. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 
Predicted probabilities
For both equations, the lagged dependent variables concerning poverty and social exclusion are significantly positive. To evaluate the relevance of the dynamics in the model, we estimate the predicted probabilities of being in poverty, and for being in social exclusion, for various lagged statuses of deprivation (Table 12) . As suggested by Wooldridge (2005) , predicted probabilities are first computed at individual characteristics, keeping lagged dependent variables at specified values, and then averaged in the sample. The estimated parameters corresponding to each variable in X it = (x it , y 1i,t-1 , y 2i,t-1 , y 1jit-2, y 2jit-2 ) are multiplied by According to our preferred specification, the probability of being poor in t is about 0.12 for those who were neither poor nor socially excluded in t-1. However, the same probability is almost three times larger, at 0.35, if the individual was poor the year before, albeit not socially excluded. For those both poor and socially excluded in t-1, the chances of being poor in t raise further, at about 0.44. Similarly, the probability of being socially exclude in t is about 0.03 for those who were neither poor nor socially excluded in t-1. This probability is about five times higher, at 0.17, if the individual was socially excluded the year before, albeit not poor. For those both poor and socially excluded in t-1, the chances of being excluded in t increase further, at about 0.23. The results discussed so far are in line with the findings of the previous literature reporting positive state dependence in social exclusion (e.g., Poggi, 2007a) and income poverty (e.g., Cappellari and Jenkins, 2004 ). However, while those studies focus on the dynamics of a single process separately, either poverty or social exclusion, and assume first-order dynamics, our random-effect dynamic bivariate model also gives insights into the relation between the two types of deprivation and tests the appropriateness of the first-order assumption. In fact, we observe that the probability of being poor and the probability of being socially excluded in t are respectively about 0.092 and 0.024 for those were neither poor nor socially excluded in the two previous years (Table 13 ). These probabilities are instead much larger for 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 
Conclusions
This paper has studied the dynamics of poverty and social exclusion at the individual level, using the Italian sample of the European Community Household Panel, waves 1-8. On theoretical grounds, social exclusion is presented as a process with distinctive features than income poverty, albeit it is recognised that the two dimensions of deprivation share common traits and should be characterized by interrelated dynamics.
Indeed, the empirical literature exploring the way the two processes interact over an individual's life course is scant, but generally provides indications that, at the individual level, they overlap less than commonly held. The statistical evidence presented in this paper has indeed provided elements that confirm this view: poverty and social exclusion do not simply constitute alternative ways of representing the same underlying concept of deprivation. Instead, the low correlation they display over time for the same individual is against a "two sides of the same coin" conjecture.
To further explore their dynamic interrelation, the paper has used a dynamic bivariate probit model with random effects, that controls for unobserved heterogeneity and initial conditions. For the latter, we show how the approach of Wooldridge (2005) can be easily extended to our bivariate dynamic model, resulting in an estimator that more readily accommodates second order dynamics and is computationally more convenient than the one originally proposed by Alessie et al. (2004) .
We find a sizable extent of 'true' state dependence in both poverty and social exclusion, that is to say, past deprivation raises the chances of future deprivation once (observed and unobserved) heterogeneity is controlled for. Moreover, there are dynamic spillover effects, implying that poverty and social exclusion are mutually reinforcing. The results also suggest that the two processes are shaped by a rather persistent dynamics, and that a first-order Markov assumption, often used in empirical works on deprivation dynamics, is unwarranted. Instead, both second-lag of poverty and social exclusion significantly affect the chances of future deprivation of both types. Unobserved heterogeneity is also found to be empirically relevant, 17 Note that experiencing poverty and/or social exclusion in the past, even if not the year before, is nonetheless harmful: in Table 12 the probability of being poor (socially excluded) in t is about 0.2 (0.1) for those who experienced either poverty and social exclusion in t-2 but not in t-1.
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Our results suggest that social policies aimed at eradicating poverty and avoiding individuals' social marginalization should take these dynamic interaction effects explicitly into account. Clearly, reliance on a single set of measures, for example those aimed at raising households' incomes above a chosen cut off, are unlikely to be successful in preventing material deprivation and outright social exclusion. Properly devised measures call instead for differentiated interventions for various groups of vulnerable individuals, carefully distinguishing between those whose primary matter of policy concern lies in their income insufficiency from those who appear vulnerable in light of a wider range of insufficiencies and impediments to a full participation in the social, economic and cultural life of the community in which they live. However, our results suggest that policies directed at one specific type of deprivation may also be effective in breaking the cycle leading to deprivation of the other form. As the identification of the various groups of vulnerable individuals is often difficult in practice, the existence of these spillover effects may be good news for the policy markers committed to combat all forms of human suffering.
We have presented our definition of social exclusion as a reasonable compromise between the theoretical underpinnings of the concept and the data practically available for its implementation. Moreover, a number of robustness checks relative to the construction of our social exclusion measure increased our confidence in the existence of a dynamic interrelationship between income poverty and social exclusion. At the same time, we stressed that, until a more widely accepted way of measuring social exclusion becomes available in the empirical literature, our results should be taken as suggestive only of the existence of significant spillover effects between income poverty and social exclusion. Future research should therefore continue to investigate how the two processes shape each other at the individual level in a dynamic context. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 Table 9 . § The log-likelihood of the bivariate probit at t=1 is equal to -4256. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47 
